Background and Aims Nonalcoholic fatty liver disease (NAFLD) is the most common cause of chronic liver disease worldwide. Risk factors for NAFLD disease progression and liver-related outcomes remain incompletely understood due to the lack of computational identification methods. The present study sought to design a classification algorithm for NAFLD within the electronic medical record (EMR) for the development of large-scale longitudinal cohorts. Methods We implemented feature selection using logistic regression with adaptive LASSO. A training set of 620 patients was randomly selected from the Research Patient Data Registry at Partners Healthcare. To assess a true diagnosis for NAFLD we performed chart reviews and considered either a documentation of a biopsy or a clinical diagnosis of NAFLD. We included in our model variables laboratory measurements, diagnosis codes, and concepts extracted from medical notes. Variables with P \ 0.05 were included in the multivariable analysis.
Introduction
Nonalcoholic fatty liver disease (NAFLD) is the most common cause of liver disease in the USA affecting up to 80 million adults [1] . NAFLD is associated with increased all-cause and cardiovascular-related mortality [2, 3] . Six million American adults are estimated to have nonalcoholic steatohepatitis (NASH), the progressive form of NAFLD [4] . NASH can result in cirrhosis and hepatocellular carcinoma (HCC) and by 2020 may be the leading indication for transplant in the USA [5, 6] . Despite the high prevalence of both NAFLD and NASH, the current understanding of the risk factors for progressive liver disease, HCC development, and cardiovascular-related mortality in NAFLD remains incomplete. Models to accurately predict which patients will develop end-stage liver disease, HCC, and cardiovascular disease (CVD) are lacking.
The study of risk factors for progressive disease and comorbidity development in NAFLD is limited by the long time course of liver disease. The development of cirrhosis and HCC occurs over the course of decades and in only a proportion of those with NAFLD [7] . Robust studies of NAFLD progression and co-morbidity development, thus, require long durations and considerable size to detect sufficient outcomes. As a result of these hurdles, the studies of risk factors for NAFLD progression have been limited to either small groups followed over long durations, large populations followed for short periods or cohorts using NAFLD defined only by aminotransferase levels [7] [8] [9] [10] . Thus, there is a pressing need to develop large cohorts of patients with NAFLD that can be assessed over sufficient duration [8] .
Electronic medical records (EMR) can potentially serve as a rich source of data for the development of such cohorts. EMR data can encompass millions of patients seen in healthcare systems over the past several decades. Creation of patient cohorts from EMR databases can provide both the number of patients and duration of follow-up needed to robustly study the natural history of NAFLD and identify modifiable risk factors for NAFLD progression [11] . However, EMRs are limited by the completeness and accuracy of the entered data. The use of billing data to phenotype patients and outcomes can be inaccurate for many diseases and is not sufficiently reliable to allow for the creation and longitudinal evaluation of patient cohorts. However, recent developments in bioinformatic EMR approaches, including an improved ability to extract concepts from narrative text such as physician notes (using natural language processing), have led to the development of EMR algorithms that allow for reliable patient phenotyping and outcomes assessment for both inflammatory bowel disease and rheumatoid arthritis [12, 13] .
The aim of the present study was to develop a comprehensive classification algorithm to identify patients with NAFLD and to create a well-phenotyped NAFLD patient cohort using EMR data. We hypothesize that a classification algorithm for NAFLD using narrative and codified EMR data will allow for the accurate classification of the presence of NAFLD with a superior accuracy than through billing data alone.
Methods
Patients and data for the present study were drawn from the Partners HealthCare EMR utilizing the Partners Research Patient Data Registry (RPDR). This centralized clinical data registry contains data from all institutions in the Partners HealthCare System. We utilized data from the Massachusetts General Hospital (MGH) and Brigham and Women's Hospital (BWH), both in Boston which serve the greater northeastern USA. MGH began using an EMR in October 1994 and BWH began in October 1993 although limited data from billing and scheduling programs are available starting in 1979.
Narrative EMR data were defined as data entered into narrative notes including clinician notes, pathology, and radiographic reports and included co-morbid conditions, medications, and laboratory values. Billing data utilized the International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9) codes. In addition to billing data, other codified data included laboratory values, medications, and patient demographics.
We created a dataset from the RPDR to identify adults, aged C18 years of age with either a diagnosis of NAFLD or those at high risk of NAFLD. These data query included ICD-9 codes for NAFLD 571.8 and 571.9 and problem list notations of NAFLD, NASH, steatosis or fatty liver. Patients at high risk of NAFLD were defined as those with elevated aminotransferase levels (ALT C 30 U/L and/or AST C 30 U/L), body mass index (BMI) C25, a procedure code for liver biopsy, a procedure code for bariatric surgery, or a diagnosis of diabetes mellitus (DM). DM was defined by ICD-9 code, inclusion on patient problem list, HbA1C C6.5 %, glucose C200 mg/dL or use of diabetes medications or supplies (e.g., glucometer or test strips). An ALT and AST level 30 U/L for both genders, rather than a lower level for women, were chosen to optimize the identification of cases of NAFLD. Individuals with the most common causes of liver disease including hepatitis C defined as with a positive HCV RNA level, hepatitis B defined as positive hepatitis B surface antigen, detectable hepatitis B DNA level or diagnosis of alcohol abuse (alcohol use disorder 29.19, 303.09, 303.99, 305.09), chronic hepatitis C or chronic hepatitis B were excluded. This query returned 647,392 individuals and 21,432 patients were randomly selected to compose the NAFLD datamart. From the NAFLD datamart 620 patients were randomly selected using SAS for medical records review as a training set.
Defining NAFLD
On medical record review a diagnosis of NAFLD was made by a trained hepatologist using the following criteria: (1) histology on liver biopsy or (2) clinical diagnosis of NAFLD. Histologic NAFLD required the finding of[5 % steatosis in the absence of other chronic liver disease. A clinical diagnosis of NAFLD required (1) the presence of fatty infiltration of the liver on imaging (CT scan, MRI, or ultrasound), (2) exclusion of hepatitis C infection, (3) absence of documented alcohol abuse, and (4) at least one risk factor for the development of NAFLD which included obesity, dyslipidemia, hypertension, or diabetes mellitus. Alcohol abuse and hepatitis C were excluded as they are known to cause hepatic steatosis that can be misclassified as NAFLD. Patients without any radiographic studies of the liver were excluded. Non-NAFLD was defined by negative imaging for fatty infiltration and/or the presence of other chronic liver disease by histology or serologic evaluation. Individuals with NAFLD and a second liver condition (i.e., NAFLD and hepatitis C infection) were excluded. Variables on each individual were gathered and include age at time of imaging, gender, and ethnicity. Gender and ethnicity were determined by patient report. If a patient had multiple imaging studies, the study with the first report of fatty infiltration of the liver was chosen, or for individuals without NAFLD, the most recent imaging study was chosen. Variables including aminotransferase levels, lipid levels, hemoglobin A1C (HbA1C), albumin, platelets, INR, and BMI documented within 12 months of imaging were collected. When more than one value was present in this time period, the average value was determined.
In addition, to billing, laboratory, and demographic data, we extracted additional variables from approximately 3.5 million notes associated with the patients. We counted the number of occurrences of medical conditions such as ''obesity,'' ''high blood pressure,'' and ''alcohol problem'' (and synonymous expressions or abbreviations) in all notes associated with the patients, including physician narrative notes, radiology and other diagnostic reports, and discharge summaries. We combined similar expressions for several of the variables, for example, the ''alcohol problem'' variable included expressions such as ''alcohol abuse,'' ''alcohol dependence,'' and ''problem drinking.'' A complete list of the variables is available in eTable 1.
From the training set 620 patients variables associated with the presence of NAFLD were assessed and included in our classification algorithm (described below). This algorithm was then applied to the 21,432-patient NAFLD datamart to create a testing set. From this potential NAFLD group (excluding patients from the training set) 611 unique patients were randomly selected and were used as a testing set.
For additional validation we deployed our algorithm on an independent database of 314,292 patients from the Partners RPDR. This EMR database contains clinical information for patients with diabetes at MGH and Brigham and Women's Hospital (BWH) between 1990 and 2010 distinct from our primary cohort.
Statistical Analysis
Categorical variables were compared using the Chisquared test. Continuous variables were compared using the T test or Mann-Whitney test, as appropriate. To determine odds ratio for the variables associated with the presence of NAFLD, logistic regression was performed. Those variables with a P \ 0.05 were included in the multivariable analysis. The logistic classification model was selected using the adaptive LASSO procedure [14, 15] . The linear score was calculated using the regression coefficients estimated in the logistic regression model:
Linear Score ¼ À1:0742 þ 0:449 Ã fatty liver codes life þ 0:0792 Ã Number all NAFLD þ 0:00765 Ã Triglycerides
The probability for NAFLD was calculated using the inverse logit function:
For the training and final algorithm the sensitivity, specificity, negative predictive value (NPV), and positive predictive value (PPV) were calculated. A calculated probability of [0.85 was used as an indication for a positive NAFLD diagnosis, while a calculated probability of B0.85 was an indication for no NAFLD. Various probability cut-offs ranging from 0.80 to 0.95 were tested and 0.85 was chosen as it provided the optimal combination of sensitivity, specificity, PPV, and NPV. Sensitivity was defined by the number of patients with a finding of positive classification for NAFLD and positive chart review for NAFLD divided by the number of patients with positive chart review for NAFLD. Specificity was defined by the number of the patients with both negative classification for NAFLD and negative chart review for NAFLD divided by the number of patients with negative chart review for NAFLD. PPV was defined as the number of patients with both positive classification for NAFLD and positive chart review for NAFLD divided by the number of patients with positive classification for NAFLD. NPV was defined as the number of patients with negative classification for NAFLD and negative chart review for NAFLD divided by the number of patients with negative classification for NAFLD. All statistical analysis was performed on SAS 9.4 (SAS Institute Inc., Cary, NC, USA). This study was approved by the Partners Healthcare Human Research Committee which serves as the institutional review board for both BWH and MGH.
Results

Baseline Characteristics of Training Set
A total of 620 patients were randomly selected for the training set from the final NAFLD datamart (n = 21,432). On chart review 444 individuals (71.6 %) met criteria for NAFLD, while 176 individuals (28.4 %) did not meet
criteria. (Table 1 ) Diabetes mellitus was more prevalent among patients with NAFLD (77.0 vs. 50.0 %, P \ 0.0001). In addition, those with NAFLD were older and had higher mean HbA1C levels, higher triglyceride levels, and lower HDL levels. 
NAFLD Classification Algorithm
included number of text mentions of NAFLD over a patient's lifetime, number of billing codes for NAFLD over an individual's lifetime, and triglyceride level within 12 months of the radiographic report and led to the creation of the final model which is derived as follows: logit p NAFLD ð Þ ð Þ ¼ b 0 þ b 1 Total number of NAFLD icd9 codes ð Þ þ b 2 Total number of NAFLD expressions extracted from notes ð Þ þ b 3 Most recent triglycerides value past 12 months ð Þ
Algorithm Performance for NAFLD and Non-NAFLD in Testing Set
Six hundred and eleven unique patients were randomly selected from the population identified by the training algorithm to serve as the testing set. Three hundred and sixty-six patients (59.9 %) had NAFLD on chart review, while two hundred and forty-five patients (40.1 %) did not meet criteria for NAFLD. Among individuals identified with NAFLD on chart review, only 202 (sensitivity 55.2 %) carried an ICD code diagnosis for NAFLD (571.8). Thus, the use of the ICD-9 code alone would miss 44.8 % of NAFLD patients in this cohort. Using both ICD-9 codes 571.8 and 571. 9 improves the accuracy of NAFLD identification only slightly, identifying 212 individual with NAFLD (57.9 %) and missing 42.1 %.
When the classification algorithm was applied to the testing set, using an 85 % threshold, 89 % of patients classified as having NAFLD truly had NAFLD (PPV) and 91 % of patients without NAFLD by chart review did not have NAFLD by the algorithm (specificity). The area under the curve (AUC) for the NAFLD classification model in the testing set was 0.85 (Table 3) .
We then applied our classification algorithm to an independent datamart of 314,292 patients from the Partners RPDR. The classification algorithm identified 8458 patients as having NAFLD using the 85 % threshold. Medical records review of 100 individuals identified as having NAFLD with the algorithm and randomly selected from this datamart found that 91 were correctly identified giving a PPV of 91 %. We compared the performance of our NAFLD classification algorithm to NAFLD billing data (Table 3 ). In the ICD-9 coding data model individuals with any lifetime ICD-9 code for NAFLD (571.8 and 571.9) were defined as having NAFLD. The NAFLD classification algorithm had a superior accuracy for the identification of NAFLD () when compared to a model utilizing ICD-9 billing codes for NAFLD alone (AUC 0.85 95 % CI 0.81-0.88 vs. 0.75 95 % CI 0.72-0.79, P \ 0.0001) (Fig. 1) . The NAFLD classification algorithm had identical PPV to billing data (PPV 89 % for both) and superior NPV (56 vs. 36 %) and specificity (91 vs. 73 %). Billing data had a higher sensitivity than the NAFLD classification algorithm (63 vs.
%).
We also compared our model to the model developed by Husain et al., to classify NAFLD in the veterans administration (VA) population, a predominantly male population. The NAFLD classification algorithm was superior to the VA model in PPV (89 vs. 80.8 %) and nearly equivalent in specificity (91 vs. 92.4 %). However, the VA model carried higher NPV and sensitivity (78.0 vs. 56 and 55 vs. 51 %, respectively).
Discussion
The present study identifies a classification algorithm for the identification of individuals with NAFLD using a combination of codified and narrative data in the EMR. In addition, we demonstrate that this algorithm is superior to algorithms using ICD-9 billing data alone. The final NAFLD algorithm provides an AUC of 0.85 with a PPV of 89 % and specificity of 91 %. This accuracy was superior to that defined by coding data alone (AUC 0.75) and has a higher PPV than the algorithm used to identify NAFLD in the VA system.
The study of the natural history of NAFLD, risk factors for liver-related outcomes, and risk factors for CVD has been limited by a lack of large, longitudinal cohorts. The cohorts evaluating the natural history of NAFLD and liverrelated outcomes are limited by small size, ranging from 109 to 132 total individuals. Matteoni et al. [7] evaluated the relationship between NAFLD and the development of cirrhosis and liver-related death. While this study had sufficient follow-up, with a mean of 8.2 years, only 132 individuals had complete data and could be included. Similar limitations were found in the cohort followed by Dam-Larsen et al. and Ekstedt et al. who, while able to follow patients over 16.7 and 13.7 years, respectively, had limited NAFLD cohorts of only 109 and 129 patients [8, 9] . Cohorts of larger size have been limited by the reliance on abnormal aminotransferase levels to define NAFLD and controls [16, 17] . Recent studies have demonstrated that the majority of patients with NAFLD have normal aminotransferase levels suggesting that studies using elevated levels to detect NAFLD may suffer from misclassification bias [18] . The present study seeks to address the limitations of these cohorts by rigorously defining NAFLD either histologically or radiographically while excluding other causes of liver disease. In addition, the resulting cohort includes 8458 individuals followed in this healthcare system over at least 1 year. Thus, the present algorithm allows for creation of a rigorously defined, sufficiently large cohort to allow for longitudinal evaluation of liver-related and cardiovascular outcomes in NAFLD.
The development of algorithms for the study of liver disease in EMR databases is limited [19] . Husain et al. [20] have developed an algorithm for the identification of NAFLD associated with elevated ALT in the VA system. This algorithm serves as a valuable tool for the study of NAFLD within the VA system. This study is limited, however, by its development in a predominantly male population and its strict requirement for inclusion of individuals with multiple elevated ALTs over time. Data suggest that 79-86 % of patients with NAFLD, either steatosis or NASH, have normal aminotransferase levels and thus the VA algorithm may exclude a large proportion of patients [18, 21] . The present study expands on this work by identifying an algorithm developed from two large urban tertiary medical centers outside the VA system and includes both men and women equally. In addition, our algorithm allows for the identification of individuals with NAFLD whose aminotransferase levels are normal.
Our algorithm is also superior to a model relying of ICD-9 codes for NAFLD. NAFLD lacks a distinct and specific ICD-9 code. Administrative data are frequently inaccurate and errors in billing data are common [22] . NAFLD is traditionally billed using ICD-9 codes 571.8, ''other chronic nonalcoholic liver disease'' and 571.9, ''unspecified chronic liver disease without alcohol.'' However, these codes may be used for liver conditions other than NAFLD, decreasing the accuracy of these codes in identifying NAFLD patients. Our model, with the inclusion of NLP, significantly increased the accuracy over billing data alone.
Strengths
The present study has several strengths. The algorithm was derived from a large database from two large academic medical centers. The final algorithm utilizes only three variables and does not require additional testing or documentation outside the standard of care. This approach is straightforward to deploy and to extend across different institutions to create multicenter EMR-based cohorts.
Limitations
While inclusion in our study did not require the presence of fatty infiltration on radiographic imaging, a clinical diagnosis of NAFLD did require positive imaging for fatty infiltration or NAFLD on biopsy. As a result, patients without imaging or histologic confirmation of NAFLD in our system were excluded from our algorithm development. While this limitation may exclude some patients, this criterion allows for a robust definition of NAFLD and identification of cases. In addition, the goal of the present study was to develop an algorithm to identify cases of NAFLD, rather than unaffected controls. As a result we begin our study with a datamart of high-risk patients which could be applied in other EMRs to identify cases. Our study is also limited to two large academic medical centers in the northeastern USA. Further evaluation of the validity of the presented approach is needed in other geographic areas and in community medical centers. However, recent data suggest that despite differences in EMR structure classification approaches can be successfully used across multiple healthcare systems [23] .
NAFLD is the leading cause of chronic liver disease in the USA and can result in end-stage liver disease and HCC [6] . In addition, NAFLD is an independent risk factor for the development of CVD, the leading cause of death among individuals with NAFLD [24] . Understanding the pathogenesis of NAFLD progression and the risk factors for CVD in NAFLD is imperative to limiting the morbidity and mortality resulting from NAFLD. Unfortunately, the development and progression of hepatic fibrosis and its associated complications occur over decades which limit the ability to evaluate these outcomes. The creation of a robust EMR-based cohort of individuals with NAFLD inclusive of several decades of patients will allow for the identification of risk factors for NAFLD progression and for liver-related outcomes including HCC development and need for liver transplantation. As EMR penetration increases and institutional databases become increasingly linked, there will be increasing opportunities to study disease processes such as NAFLD at a population level. In addition, institutions such as ours are championing efforts to link EMR to biorepository specimens. Such linkage will allow for the study of NAFLD biomarkers and genetics [25, 26] . The present algorithm is the first step to the development of such cohorts by allowing for comprehensive and accurate case identification. It is important to note that EMR-based studies will not replace the need for rigorous, long-term prospective studies to evaluate liver-related complications and CVD in NAFLD.
The findings of the present study have several important implications. To our knowledge, this is the first study to develop an algorithm for the identification of NAFLD in a large population of both men and women. In addition, our algorithm provides greater accuracy than that from ICD-9 billing data alone. This approach will allow for the development of large, longitudinal cohorts to follow outcomes in patients with NAFLD and determine risk factors for both liver-related and cardiovascular-related morbidity and mortality in these patients.
We conclude that the present classification algorithm for NAFLD using codified and narrative data is superior to an algorithm using ICD-9 billing data alone and this approach will allow for the development of large, longitudinal EMRbased cohorts of individuals with NAFLD.
